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Abstract

The Hough transform provides a paradigm for mrtlti-dibniciual pattern
detection and more general parameter extraction. It has good propcltics
in noise, but as usually implemented requires an LILLLiIll i 'itally
whose size is exponential in the number of paraametcr.S c' laal d. I he
idea of accumulating votes in a small content-addressahie :'ione ia;isc
many technical issues, some of which are outlied he-ca. Siinlt1611o
results illustrate some of the points.

Index terms: Hough transform, shape detection, pattterr c ogiitioin,
Cache implementation.

The preparation of this paper was supported in part by the (mlIite tl
Naval Research under Grants N00014-80-C-0197 and NOWIN1 K 1 9, 1and in part by the Defense Advanced Research PI-ojcL,.\gewy iimtdcr
Grant N00014-78-C-0164.

,~~................ ..... ...., .. _-.. ..... . . ... .



. = I. , .. . " - . . . ". . . . . , .- , . .- , : . . - - . ,. . . . . ' -o "' ... :. . :

7 -7

1. Introduction

The Hough Transform (HT) maps a point of one parameter space A (often a
local feature space or generalized image) into a set of compatible points of another
space B (often a space of "higher-level," more global parameters) [llough 1962;
Duda and Hart 1972; Ballard 19811. This process is sometimes called voting (the
feature points vote for possible higher-level constructs of which they cotild be a part).

HT is traditionally implemented by accumulating votes in a qunMtiZed version of p
the parameter space B, called an accumuhnor array. A naive impla mcnttion of the
accumulator array uses space exponential in the nuttbet of dituiensious
(parameters)--this makes multi-parameter HT impractical. One approach to this
problem is to quantize the parameter space dynamically ISloafi 19Xl; (YRouurke
1981]. Another idea, the subject of this report, is the cache-based 1I, whiLh tteNs a
fixed (small) content addressable store (in software, a hash table; III hardware, a
cache) to accumulate votes.

To study the properties of the cache-based 1iT, it is helpful to have ;III abstract,
domain-free characterization of the HT vote-generation process. Ixisting applications
(e.g., [Brown and Curtiss 19821) and theory (e.g., [Shapiro 1975, 1978a, 197Xb; Brown
1982]) suggest considerations that should be taken into account by all abstraction.
The abstraction may be analyzed or simulated with various caflicing N",hiciies to
derive a model of cache-based HT performance. Then, existing applicatiols (such as
our shape, motion, and illuminant-direction computations) may be uucd to test
model predictions.

Some considerations for a general model of the cache-based I 1 pro css appear
in Sections 2 and 3, and Section 4 gives an abstraction of the voting process. Section
5 outlines some possible analytical approaches. Section 6 preseuts results of pilot
studies on cache behavior. Figure 1 is a diagram of the system for analy, s of the
cache-based HT.

<Figure 1

2. Informal Abstract Hough Transform

This section lists considerations that govern the behavior of any il Ike process
emitting votes through time into an accumulator. Such an abstract pro( ess is called a
voting machine in Section 4.

In a noiseless HT, one feature point in A produces a set H of votes that generally
are weighted points in the parameter space i1 (so a vote is a ve:tor (w, I)), with w a
weight and b in B. (We assume here that the HT is "ttICLd" to one parailieter
transformation, to detect instances of one shape, etc.) In one linutiig ca,e, the set If
is unbounded (as when a point on a line votes for an infinite line l points iL
(slope, intercept) space). In another limiting case, H is a singleton (as in the work of
Shapiro [1975, 1978a, 1978b]). In either case, for noiseless II1 we; a.tilluc tlat I.
from a feature point in A contains exactly one vote t-r the "truc" pimlucters ini It
that characterize the instance in A. Let tIs call the true paramucter ,.diic ilhc ,'Lwak or
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mode for the instance, since that is where the plurality (iiiod) ()I v'tc:, t I i h(ild
be. H is the feature point spread function (f'psl) of [rowi 19h?) lit ,ll ihat lolluws,
we assume accumulation into a quantized version of II, so II - I.l NI a lti:,cutcl¢ Let.

Of course H may be a complicated function of the pfarailctcr vahic., and lutllt olis ini
the originating parameter space A: H = fpsf = Ipsl'(x, A({)). As A i:t,:amcd,
individual feature points cause votes to be emitted. 'The sLitani&III ,i all II I o an
instance into the accumulator array is the paranelur punt lp'w, lun, Iw,, ( iisl)
(Figure 2).

<IFigure 2 >

In the work reported here, the fpsfs (Hs, voting patterns) aic ,l (i ' lywus: I) illi
votes have uniform unit weight; 2) each vote (of weight 2) is ir,,(,,iacd witlh aft
"inhibitory surround"--two votes of weight ]. We call the MtIete ,a3c th wicydr

HT. The latter scheme is a variant of the ('H1o1gh tWchiiatlic IjhowiI 1 X2, iowilt
and Curtiss 1982].

(Consideration 2.1) Instances in an image coI.nist o :Xuvc,11 Icailic¢ p1I11 1..
extend across several scan lines, and ire spatially coherent. Iheic iltiay hc iiioic thaii
one feature on a scan line. Instances may overlap.

(Consideration 2.2) The image can be scanned in any of seveial way:, c.g., Itll
right, top-bottom; pixels at random (with and without replacemuct), lelt light across
scan lines in random order; left-right across interlaced Scan hic,,.

(Consideration 2.3) Votes come in bursts of length Itp , A( ))l H II)1, cacti
generated by a single feature vector in A.

(Fact) With one instance and no noise, successive birts all .4,1)11, Ih C inge
instance. With multiple instances and no noise, stcceYSivC bill"IS iilay Iii iI1ay 110t
come from the same instance. The likelihood that they do tldcp ', .n a:(>n)It utis

about the distribution of instances in the image (do they ).cilap'!) ,lamt the
distribution of feature points in an instance (is there more thautit ,itc pr .call line'),
and about the scanning pattern. (The basic question is whettci two Icalmics ol the
same instance are encountered befbre another instance.)

(Consideration 2.4) Only one (weighted) vote in I-I is a vote lot the true IiiStaiice
parameters (for the peak or mode).

(Consideration 2.5) A basic question in HT is its peribrinat.e ii itlolc. I I'K (rtnt
noise points are interleaved with H's from instances. IhCe ic Svral no0ise
phenomena with differing characteristics and implications. First IiciCt s stiatisital
noise. One form is signal-independent image degradation. 'hIs prok L::6 c:lli.hcs a
kind of baseline, since its random nature makes it one o1 ihe Icast picillt.loilol 101it.is
of noise in the cache-based H'. One component of' degradation., i el.s wlilth

singling out, is that component consisting of features not a SoLiattt:kd willh ;Ily IiitaIL
in A. This component adds extraneous EIl's, but loe. lot ,l Kl IIf, li' t it ine
instances.

Another form of noise is errors in conputing 'ii iagu:u ICl1t, 111C IL',iti C

I, .
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vectors in A. These errors, as well as location and (J1ailiallon)I 'ime in A, Iiiay beU
modeled as certain random processes.

The most pernicious form of noise, and one Hut treated hue, is .rittmiiicalh',
misleading instance information. For instance, extreine'aid sy~lciiliitzc Icaliire
dropout can arise from occlusion. [specially troublesomie aIiC iieai iliss inlstiai~cs
(many features in common with instances of interest). ' Ile pliohleli iIs that Ini LII
cache-based HT, it is important to create and retain peaks flur the instaiices. Ifliese
peaks are threatened by competition from other growing peaks, sch1 S airisk ill near
miss instances.

3. Informal Abstract Cache

A hash table or cache accepts one element at a time, is cohi td rih-salu, anid
garbage collection, orfuszing, happens when its finite lengt~h is~ exhlistcdl I 1iilike I
cache for memory management, the HT' cache is not ineai lo track it dlyniamic
situation, but to function as a "smart accumulator.'

The Cache has a fixed length. If that is infinite, the CacheC adr, like the;
accumulator array. The Cache is often most easily addrtssed its a linear data

* structure, with vote vectors transformed to offset integers. AddrIlCSSiiig iiiodeS fiiay
vary in hardware implementations.

An intuitively appealing cache-flushing strategy is to Hutsh entles with fewest
votes. There are many variations, including using recency infi-wnation (tradhitionial 16,
LRU caches) and geometric locality information (implemented through at hiieiarchIcah
cache arrangement). For applications, the flush algorithmn iay Ffdeet L( )uisdcNati uls

* of hardware implementation. The treatment of negative votc , ini t 'I lgh zaises
* questions for the flush algorithm.

Our cache is a data structure and associated operationis t'or iuageuieut of at set S
from the space of weighted vectors from B. Thus eit =(w, 1j) for son %Y t.e als (orf
w E Integers) and b E B. The length of a cache is the nuniher kit letitents ii taui hold.
As do most abstract data types dealing with sets, a cache has hasic naiihiaiioii anld
housekeeping operations, as well as operations of the following flav, (Ihese ae fur
exposition, not practicality).

Full(cache): TRUE if cache full, else FALS[.
Find Vector(searchelt,cache, (qfoundelt): sets ibtndelt to uniuuqic eleiiuei whose

vector agrees with that of searchelt and returns '[RI )F,. or zettins [Al \SF it'
no such element is in cache.

FindVote(weight, cache, @foundeltSet): sets tbunde1lCtSet to set of cheiuicmuts
whose weight agrees with (or is less than or equal to) Weight did FeLulis7
TRUE, or returns FALSE if no such element ISil Ciii ahe.

FindMax(cache, Cafoundelt): sets founidelt to the ekuint (ot one of' the
elements) with maximum weight.

Reniove(elt, cache): removes elt fromn cache.
[nsert(elt, cache): adds elt (not in cache) to i10on-11111 cche.
AddWeight(elt, cache): does nothing but return FALISE it' no( elICizMim 1iuallilig

elt's vector is in cache. Otherwise it incremntsV) thle zz1aLmii. 111 cLJOr' weight



by the weight of elt and returns TRUE[

There are three high-level cache-managemient operations: Vote, Hilih, allot
InterpreL

Vote(elt, cache): Vote uses AddWeight to increment the WLightI (VOte LIIItI) (it
an existing element, or else Inserts element elt Inwo [lie Ctat hie ift'er IIs S1ni
or as a last resort invokes a more or less CUiiiJilicate IICIeOLIo 01 dealinig Witt)
a fll cache, usually involving Flush and possil)ly re trying tie Inisert. ()Ile
feature point causes IiHII votes.

Flush(cache): Flush creates room for more elemniits. Its le I., i, a Io~kI: 4) t
current research (Section 6). Algorithins With hadwr imipieliiialonl lie
especially of interest.

Interpretqcache): Interpret is to identify "peaks" III awnLA I t''i1) 141 C 11, Wil 11
it is hoped correspond to (are the parameters ol) iinsiaii~t.t III 11hC iiipili %ihice
A. If the input contains only a single instance, the niiiiial licriplel reitrnis
the element of maximum weight (most votes). I or iiiple Mi:IAWRt,
especially an unknown number of them, lntejIiet I)IuL.ei11 llIitiSllg
problems, and is a focus of current research. As with I lush, alg~ 'ii ii iis with a
natural hardware implementation are especially (i1 iiilere~..

4. A General Voting Machine

A geometric imaging-like situation is an easy way to de.SLi'Ith the %t1tIIII IilictI1,
and in fact the most straightforward implementation probably I a itie dclet ti
applied to an image-like array. A description as some 1 01111 ul SIOU~t~jIC linlite Ntaic
machine would work equally well (and may be easier to analyie), bilt Isnit as
visualizable.

The abstract image is a two-dimensional array A(x) of vueiu eniitks
corresponding to instances and to noise. The voting IlIachine SU..as (Ili., aliiy. 1iiid for
each feature vector it encounters it emits an H = Ifpst~x,A(x)). llouiigiig tor a
global parameter (like sun angle) is modeled by aii A(x) witLh mnly tjne; IinshtIle.
Roughing for multiple instances is possible. Noise (Consideiatiou J.5. niay be
modeled.

The following technical decisions arose fri'ii1 geUIIfiLrlIC eiliy ()f tile
considerations in Section 2 and from [Blrown 1982].

1) Let an instance be one or more vertical lines (called parto ini a i iuiital row,
separated by empty columns 'UhiS Captures all CaCtS 01t (0.u Icisieiu '.

2) Various forms of scanning (Consideration 2.2) are iiipheenied by a~c~sigA
in different orders.

3) The fpsfs for an instance should look like dianiieteis of a it Ic (Figurc 2).
The HT of an instance (the contents of the accumlulator array) will ihen he it radial
rosette of lines all passing through a central Point, tile peak. I his dc"Iiioi is balsed

* on Considerations 2.3 and 2.4, and the fact that this choice repro)41nL.c, ilie itiijimis
near-peak 1/r falloff of parameter pst's in all diiiieii.,ioiis I Iivwii Th.-J. I (I CI hitli.
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the line of positive votes should have an "inhibitory surround" of negative votes
associated with it in the fpsf.

4) Noise can take various forms (Consideration 2.5). Missing instaiice poilts call,
if systematic, lead to non radially symmetric ppsfs. Noise feature vectors ,al be
added into the A(x), and of course instance feature vectors can be peitnibced by noise
processes. In the experiments reported here, we had no Massive dr ,)opot (m,,deling
occlusion), getting a similar effect by varying the number of pt t.s pr iinst ance. We
did not attempt to address questions of near-miss instances at this stagu. I-or this
report we used the baseline case of signal-independent image degiadation.

The variables that characterize the abstract voting ltaL1ilte C 'e:

VI) voting pattern for each feature (fpst)
V2) number of instances and their location
V3) number of parts/instance
V4) noise parameters
V5) scanning method

Figure 3 shows an A(x) with two 2-part instances with and without noise. I.lh i)art is
9 features long; there are eighteen different features.

<<Figure 3>>

5. Analytic Approaches

1) Hypothesis Testing: After the HT, the accumulator holds a disiributioii of
votes. After accumulating the votes in a cache, the cache is mean1t to ilrlor certailn
characteristics of the accumulator's distribution. In particular, it is mcanl to have the
same modes (local maxima). One could proceed with something like a .tiatisticai
hypothesis testing approach, with the null hypothesis being that miodes IlI tile cache
correspond to modes in the accumulator. The idea of toursc is to Iltcastie the
probabality of Type I and Type II errors (falsely rejecting and falsely at.ceplimtg the
null hypothesis), given some sample statistic--in our case, the cache contents.
Usually, we choose probabilities a and # for these errors that are sinall enough 16rour purposes. When things go well (i.e., in textbooks) this approat yields a critical
(rejection) region of values of the test statistic for which we shotld re eut tile null
hypothesis if we are to maintain our standards for error probahilities. I lcre are liol
parametric tests for things like the sameness of median between IwO diSIdbutiolls.

What goes wrong immediately here is that the sampling pritoitied by lie cacthe
is extremely structured. Even if we were to attempt to computc with Ilc kmown
relevant distributions [Brown 1982], the intricacies of this asinllmg ,eeill vely
resistant to analysis.

A generalization of the hypothesis testing approach is a deticill ilcut y I))roalch,
which allows a more flexible cost function to be associated with dectlZ,1Mu.' ,Mid whilih
can incorporate empirical data. Sequential decision theory .sccn: i: po lly inore
relevant, though less well understood.

2) Page Replacement, etc.: 'here is a long tradition of, w(,ak (,. i. iitc ,tiatV d:.

i'. . . , - . . - . ° = ° .- .- .. ., . . ,.. .. ..
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page replacement) aimed at characterizing cache behavior. Aliiot Lcrlailly IIiILc (,t
that work is directly relevant, but it may provide tischtit aiialywncal luds illid
abstractions.

3) Geometry and Probability: Last (this seems [hot prolilinlig), the Lalietmli
abstraction chosen to model cache-based HT might ht; malycd with very
straightforward probability and statistical tools. The model rupI)Fu)Sed III Seclion 4 is
very geometrical in flavor, corresponding to throwing line ,egimcnt,s .,cqncitltaly
down on the plane and analyzing their accumulating stati.stics ot overlap. (One im jor
hurdle is incorporating the effects of the flush algorithnm ilt Iie ak Lilltl O ii0 Of
statistics.

6. Results

6.1 Overview

We implemented the abstract voting machinle of SCeIomi -i amid a ' ,ltwalc
simulation of a cache that is parameterizable in several ways, Ilmaclimillg IV:, luigtil ald
flush algorithm. The cache is instrumented for various li'msl, F .clahm:.i ill aalaly.,',
The results are presented in tables and figures that tidlow 1h., :,ei.Ioi(I. lIcy alc
preceded first by a high level overview of the expCrmriclls. 1li:ci . ooi(,: detailed
explanation of the parameters involved.

We ran a set of experiments to explore several paranimctc., (hI lh )I Iht t at lit: amid
of the abstract image) governing sequential HT perlurnmat-c.

Fixed Parameters: Flush Algorithm (Threshold)
Number of Instances (1)
Part Length (11)

Varying Parameters: Cache length (32, 64, 128, co)
Number of Parts (1, 2, 3)
Noise (0, 15%, 30%)
Fpsf Length (3, 9, 15 cells)
Fpsf (Regular Hough, CHough)

Scanning method (five methods)

The results of these experiments are summarized in lableS I X, wl11 h .how a
peak/maximum background ratio" measure alld its Vallali ol til cach t: Se. I lit:

ratio is a form of signal-to-noise ratio, and is commp tud a', illow,

weight of vector describing instance
Ratio =---------------------------------------------- -- 1

maximum weight of all other vecturs

<<Tables 1-8>>

. . . . . . .-. . , . . .. . . - . -. . . .. . .. _ . . -.. - -. . .. . . . . . .



Thus a ratio of 3.00 means that the single parameter vector .orredly dc:Llibig
the instance is three times as high as its nearest competitor. A r'atio of' unity nicals
there is a tie. Any ratio greater than tnity means the correct peak would he luMil I)y
simply choosing the highest peak. A ratio less than unity means .sLuc Siiij,1l1
thresholding finds a vector giving an incorrect instancLe de.1'ip)tioi.

We expanded a subset of these results in more detail.

Fixed Parameters: Flush Algorithm (as above)
Number of Instances (as above)
Part Length (as above)
Number of parts (1)

Varying Parameters: Cache length (as above)
Noise (15%, 30%)
Fpsf Length (as above)
Scanning method (two methods)

The expanded results are shown in Figure 4, which gives the histogaiunms of the
peak/background ratio whose means and standard deviations appear in I ables 1 4
From the histograms it can be seen, for instance, what fratitoi oft the time an
instance would not be detected by a simple thresholding vcrsiou of the Interpret
function.

<<Figure 4>>

A smaller number of the CHough results of 'ables 5-8 (those with Lal lt; k:ii81h
of 64 and infinity) were expanded into histograms (I[igure 5).

<<Figure 5>>

Finally, Figure 6 shows histograms like those of Figures 4 and 5. -Icie the rmain
focus is on the flush algorithm as cache length and noise level vay.

<<Figure 6>>

6.2 Details

-The choice of which parameters to vary and interesting values lt thicJII was
determined by a significant amount of prior experinient. 'I tie stze of the abstrat t
image is irrelevant, being redundant with other parameters stch x.s noise des lty. In
fact the image was 20 x 20, and the single instance was, locatl in its ,.cic*.

Flush Algorithms: We used 'Threshold [lush cxchltivcly III the ilaiin
experiments. In regular Hough, it simply raises a threh l or the %o)c ,llil
(weight) of elements until it finds elements whose weight is at I1ttirh¢lt, all ,i 11h h
it flushes. With CHough, it similarly raises the threshold Irom /l" 1c11111 tI'lltI l. IItI
found, but then all elements of that weight anid hclw (Ill Itm iI IIi aIl th. II

............ ............-.....,.I %.:?:-ii..i -,. i: •.i . :: _: . : . .. . ...i . ..



negative vote weights) are flushed. [or the last experiment, we toiiip1Icdl legugllar
Hough under Threshold Flush with Regular I lough under Iaiidoiii Iclow I'lirc.lold
Flush, which simply finds an element at random whose weight is in ilit ti)lloni nih
percentile of weights and Removes that single elementt. li thIls cxpciliczit the
doomed element was picked at random from the bottom ilmd (il weighted elemientis.

Number of Instances: Only one instance appears In iiiag. fur these
experiments. This is an important case, and alirly terse: ,iatiIlt-s dC.suA be tile
efficacy of the simple-threshold Interpret algoritht. Multiple 1in.Staalce
performance is a matter for future research (also see [luwn and ( 'uliss
1982]).

Number of Parts: One-, two-, and hree-part instances geneiuat (i Ihe )is.less
case) that number of feature points per horizontal. ilu.

Part Length: Part length 11 means the instance extends aLtO,: II o(,liontll S al
lines. The total "signal strength" for the instances i II, 22, ai, 1.1 voles.

Cache length (32, 64, 128, infinite): 'The intinile cache is a pile at-LAIIIIIIIlliol
array. This variable can to some extent be traded oft ,gai.l l11 'Il clgilh. It
is worth mentioning that commercially available hwdwaic l, ca' he( lengths
on the order of thousands of words.

Noise (0%, 15%, 30%): These experiments use a n|oise llud wl hat hll t' "iglial
independent image degradation. A random f'eatiii vm:lr ,imeWilies alill
abstract image point (instance or background) with the 1iji, eitl p''.'f lbifily.

Feature point spread function (fpst) length (3, 9, 15 cll..): I he 1t1.l 1* kegiillaf
Hough is a line of l's, produced by a siiple I IJA alpoilhu. Ilc
corresponding fpsf for CHough is a similar line of 2d. (tuk 1 oaL .ilhici side
by a line of -l's. The resulting ppsfs for 13-featuiii i ILu t i itl; .ih, wll III
Figure 2b and c. Short fpsfs produce less iiherLnt u ,is- (hwC1 "hlhdlobS)
[Brown 1982]. For example, consider line detection: As if11(:l ,t11d Ian lche ctlgc
gradient information is incorporated to reduce the posNible 'ragt ,, slope
attributed to the line, the fpsf shrinks. Inherent noise i., iiu , jpiuledil lII
single-instance images, but the effects of dhe slatisui hal,:, .alk felt at
greater distance with larger fpsfs, and that act.LLsL 1'01 the I)Vci uialic
degradations noticable here.

Scanning method: We use five methods to scan the abstrlitt iiiiageg. I lit irst loin
hit each image point exactly once, the last is not gtiaiaLittLe lo. I lie I'l;t two
are deterministic, the last three are random. lhe first, Iwirth. and li 11i iilight
be easily implemented in hardware.
1) Left to Right within Top to 13ottom: as in a non i tci laced IV ,tan.i,
2) Top to Bottom within Left to Right: interCelilIg )Ce.tC It tis:, :,C Cla

fpsfs from the instance to arrive almost stcce.ssl~ely.-
3) Random without replacement: implemented by auc,,sig tsile n2 clciiicis

of the nxn array in permuted order.
4) Left to Right within randomly permuttd ScaiiliiiCs.
5) Random with replacement: Access n2 elenliciLs (A the nxn lilile ,lra ait

random, very likely missing some entirely Lind cowt.ticiity hillinig o l'cs
more than once.

N: There are two sources of randorniess: One arises lil 1ii1l.C ,lie I nil the
random scanning methods. In the regular I Iki l .'. Ii lllllt:111 I ';: I1ii Ic11

1.1
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different noisy images into each scanning method. The randoi, miiethods eacth
produced ten different orders of scan, the scanline nethods cacti prodticed
one. Thus in the finite cache regular Hough experiments, the N lor the two
non-random scanning methods (I and 2) is 10, and fot ihe thrcc ranit lum
scanning methods (3, 4, 5) is 100. In the CHough expermneni, we simply
generated 20 images and submitted them to the scanning algonlhills, gettilg
(presumably) different random scans for each. In the infinite cacthe, the fuur
methods (1,2,3,4) that hit each element once are equivalent, so aiC :ollapsed
into one case.

6.3 Conclusions and Future Work

How should these results be interpreted'? To apply them to aniy ".iu ilar Il l
situation (but so far only to detection of a single instance or 0 .ARM t 0I a
parameter vector for a single phenomenon, and only with signal litle denw ioisc).
analyze it in terms of scanning algorithm, number of feature poinit, e evcl, Ip.'sf,
length and so forth. Interpolate or extrapolate as necessary. Ricnic r that tile
important basic process is the succession of votes emerging front tile I itx ot
feature and noise elements). The explicit conversion from any given i atioll to
parameters of our model will be addressed in more detail in a Lifttre icp(oit (or a
later edition of this report).

The infinite cache (a pure accumulator array) is not dramatically better thani the
finite caches under the circumstances of these experiments. Thus finite cactes seem
to be practical HT accumulators.

The tables and histograms show a graceful and qualitatively predictable
degradation of performance as noise and fpsf length increase and cache lelngth
decreases.

In good conditions (short fpsf, low noise, large instances), average -luulgh
performance is reliably markedly better than regular Hough. lowevcr, as cnditLtills
get worse, its average performance degenerates to approximately that of the regular
HT. The variation in the peak maximum background ratio appears imnakedly higher
for the CHough schemes, but this is mostly explained by the doubling utf the peak
height in this CHough implementation (Figure 2b, c).

The random (with replacement) scan was uniformly signiticai tly worse Ill all
cases than other methods. The random (without replacement) does iiot seetyi
significantly better. In fact, the results are (perhaps surprisigly) incnsitive to
scanning method, as long as each input space point is hit o(ibc.

Even in 30% noise, the Top to Bottom within Left to Right ,catnig lmetlud was
not better than the Left to Right within l'op to Bottomn. l'his iltiLaItcs ithat succeo:,sle
bursts of votes (fpsfs) containing votes for the "true parameter" trc iiot cough to
help the peak establish itself. Probably the noise that arrives heloic the i sla lne and
the flush algorithm dominate the peak-establishme nt process..

Several of the histograms show a significant bimodality with m cek p l ;I. this
indicates that the "true peak" tever getL cstablishedl ill a Sigillfii iitinIc'



and that some pre-processing might help draiatiCilly iii %estab., Ii lig 1wk ()ic fiea
is "pair Roughing," in which only vectors that appear in Lw'.) lp~h, aie d11iuVCe lilto
the cache. Clearly without such preprocessing the issue iN whether pcaL, Lort ahle to
survive in the cache, and this depends to a large extenlt onl the I liA igitii
Instances found early in the scan might haVe all lldilllania Ini "()1c hu1shing
strategies, while other strategies might penalize peaks that havc been iii tle Lat lie
longer. We reasoned that the simple T'hreshold Flush miight he sy,,iiltally
flushing nascent peaks before they got established, thus aLLOtliffig Cor t11c 4igi111caiti
number of 0 peak/maximnum background ratios.

Jerry Feldman suggested the Random Blelow Threshold [luISh Lu FUIpkue tilt
systematic "slaughter of innocents" imposed by lhreshold Illnshting. I hic rc.,,1h I') a

*lottery-like system that selects from a range of' W1oe weighlt,. allhjwiuig whlic N1111ll
peaks to survive. As shown in Igure 5 (for regular I-lough onuly), th1is nicihUtlll illakes
for a significant improvement in mean peak/maxiitni Nackgroiind iatiiu anid
reduces the frequency of occasions on which Lhe correct vctoi- ends ipi with iero
vote weight.

Systematic distortion, near-miss instances, and occluisiOl ii poe thurn IlYIiihpmbils
fo r the cache-based HT. We emphasize that many Ot' the LOiichiituiis ot ihlis rcepoft
and all the quantitative data are based on a stAiSticld, stgiial independencit no0ise
model. An important topic for future work is to assess Lite pcrtoiite~ 0ot 1 11Ch I IT
schemes in these more stringent noise conditions and to develop 1hicahis ot tiiijprovtiig

such performance.

Hierarchical caches can incorporate a form ol' "'geOiiuetr. hAluifity lilk, tluushuliug.
Natural flush algorithms for a single-level cache 11te based StiO (Icily m Veight.
Multiple caches in a resolution pyramid, maintainied in p~arallel, cdihe usedV~k to
restrict flushing to coherent localities in the inlput SpaXe A. Ilit. idea I.. atiuice
matter for future research.
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Table aiid Figure Captions

Tables 1, 2, 3, 4, 5, 6, 7, F: Mean and standard deviatiMoi ()f pcak/niaxiiiiiin
background ratio (Eq. 1) for regular (1, 2, 3, 4) and Cllotigh (5, 6, !. h) he hdies.
Table rows are scanning methods: 1)1 -eft to Right within 'lop to Iotuii,. i1) 1'op
to Bottom within Left to Right. p) Random withot rl l:ciiteet. i) Raiidomn
with replacement. lp) Left to Right within permuted scaniimc.s. l.or explanation
of other parameters, see text.

Figure 1: The cache-based Hough transform ailysis systelli.

Figure 2: Several parameter point spread functions (pp)s): the a ccwiiultdatioii of all
weighted votes in space B arising from a parameter intancC in spatc A. (a) '[he
results of [Brown 1982] suggest this general orni tor a ppsl iii the .abtltact voting
machine. Each fpsf is a straight line segment, and togetlici they lnin a radial
rosette with their intersection forming the peak. 'his uoiligiallion eAlhI1Ls Lially
of the properties of general n-dimensional ppst's. (,) I lie dc.gi ol" (a)
implemented for the abstract voting machine. This is the regular I louigh ppsf for
a 13-feature instance. The fpsfs are of length 9, each a single scgmitcnit of trnit
weight votes. (c) The CHough version of (b). The fpsfs are a segmieni, of 9 votes
of weight 2, flanked by segments of weight -1. Note the redc, d ,ielhle. (olf
peak element weights). To be directly comparable with (it). vote v~cights should
be divided by two. (d) Ppsfs for regular H'T (left) and (1 kugh (righit)it ing II
the application of circle location. The displays show dhe absolute valte of'
sidelobe height coded as intensity (the peaks are the same ichight). Ncmj ie peak
these ppsfs are well approximated by the abstract votmng M11iuL Ippsfs.

Figure 3(a-b): (a) Two 18-feature, two-part instances in a 20)x?( ) ,tbsn I im1,gc. (b)
The instances of (a) with 15% signal-independent no,,C.

Figure 4(a-p): Histograms of peak/maximum background iat, I1m Iu , ',ai' ,Ct of
regular HT cases from Tables 1-4. Random scan is rano titi h iclilat, (Ciii1it.

Figure 5(a-0: As in Figure 4, for CHough ('ables 58). Rald,,in ..,tti r im i.t, with
replacement.

Figure 6(a-d): Comparison of two Flush algorithms. Ia itogr t itiu ,s in I tpugiii 4 and
5.
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Cache I eng th: 32. Part Length: 11

Number of parts: 1

Noise % 0% 15% 30%
Fpsf Len: 3 9 15 3 9 15 3 9 15

Avg:]) 2.75 2.75 2.75 2.49 1.15 0.26 1.29 0.06 0.27
StDev: 0.00 0.00 0.00 0.78 0.84 0.46 0.85 0.13 0.53
N: 10 10 10 10 10 10 10 10 10

Avg:u) 2.75 2.75 2.75 2.31 1.84 1.42 1.48 0.56 0.00

StDev: 0.00 0.00 0.00 0.46 0.28 0.61 0.54 0.64 0.00
N: 10 10 10 10 10 10 10 10 10

Avg:p) 2.75 2.99 4.05 2.71 1.58 0.88 1.76 0.41 0.64
StDev: 0.00 0.46 2.01 0.85 0.88 0.97 0.85 0.60 0.68
N: 100 100 100 100 100 100 100 100 100

Avg:r) 2.37 2.30 2.61 1.67 0.96 0.57 1.01 0.30 0.47
StDev: 0.61 0.60 0.74 0.76 0.72 0.66 0.78 0.50 0.58

N: 100 100 100 100 100 100 100 100

Avg:lp) 2.75 3.06 3.68 2.67 0.94 0.42 1.42 0.19 0.37
StDev: 0.00 0.49 1.43 0.85 0.93 0.80 0.98 0.48 0.63
N: 100 100 100 too 100 100 100 100 100

Number of parts: 2

Noise % 0% 15% I 30% I
Fpsf Len: 3 9 15 3 9 15 j 3 9 15i

Avg:]) 3.14 3.14 3.14 2.96 3.23 2.76 2.74 2.17 1.51

StDev: 0.00 0.00 0.00 0.56 0.78 1.42 0.92 0.93 1.29
N: 10 10 10 10 10 10 10 10 10 I

Avg:u) 3.14 3.14 3.14 2.71 2.46 2.60 2.35 1.23 0.77
StDev: 0.00 0.00 0.00 0.29 0.30 0.64 0.42 0.97 0.96
N: 10 10 10 10 10 10 10 10 10 .

Avg:p) 3.14 3.23 3.52 3.13 2.83 2.35 2.85 1.74 1.16
StDev: 0.00 0.22 0.72 0.84 0.78 0.9Z 1.01 0.91 0.98
N: 101 100 100 100 100 100 100 100 100

Avg:r) 2.55 2.77 2.91 2.46 2.09 1.56 1.87 1.22 0.74
StDev: 0.40 0.57 0.69 0.55 0.67 0.88 0.70 0.83 0.77
N: 100 t00 100 100 100 100 100 100 100

Avg:lp) .3.14 3.60 3.53 3.38 3.25 2.76 2.97 2.21 1.45

StDev: 0.00 0.66 0.70 1.17 0.87 1.09 1.22 0.76 1.12

N: 100 100 100 100 100 100 100 100 100

Number of parts: 3

Noise % 0% 15% 30% I
Fpsf Len: 3 9 15 3 9 15 3 9 15 I

Avg:l) 3.30 3.30 3.30 2.98 3.49 3.33 2.97 2.84 2.55
StiDev: 0.00 0.00 0.00 0.22 0.74 1.30 0.38 0.51 1.12

N: 1) 10 10 to 10 10 10 10 10

Avg:u) 3.31) 3.67 3.67 2.92 3.01 2.86 2.83 2.33 0.91
St ev: 0.00 0.00 0.00 0.18 0.46 0.47 I 0.33 1.11 1.22
N: 10 10 10 10 10 10 I tO 10 10

Avg:p) 3.30 3.53 3.82 3.14 3.05 2.88 3.11 2.64 2.04
StDev: 0.00 0.41 0.62 0.39 0.63 0.80 0.81 0.78 0.99
N: 100 100 1o 100 100 100 100 100 100

Avg:r) 2.93 2.95 3.19 2.65 2.47 2.21 2.40 2.03 1.38

StDev: 0.40 0.45 0.63 n.53 0.73 0.92 0.58 0.79 1.04
N: to0 100 10n 100 100 100 to0 100 100

Avg: Ip) 3.31 3.48 8.79 I .2 .1.54 3.51 3.35 J.02 2.25
I- Dv: 11 lill U.17 8.69 1 .b8 [.-87 1.U3 0. 099 1.68 1.08 1

" lU IO Oh 1011 ii) Ji}g 1jU1 1In 160 1 UU

TABLE 1
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Cache length: 64. Part length: 11.

Number of parts: I

Noise X 0% 15% 30%
Fpsf Len: 3 9 15 3 9 15 3 9 15

Avg:)) 2.75 2.75 2.75 2.38 1.52 1.29 1.86 0.35 0.50 I
Stgev: 0.U0 0.00 0.00 0.50 0.65 0.77 0.46 0.56 0.56
N: 10 10 10 10 10 10 10 10 10

Avg:u) 2.75 2.75 2.75 2.30 1.82 1.61 1.75 1.01 0.69 I
StDev: 0.00 0.00 0.00 0.48 0.32 0.35 0.26 0.33 0.51 I
N: 10 10 10 10 to 10 10 10 10 I

Avg:p) 2.75 2.75 3.03 2.47 1.76 1.41 1.88 0.85 0.89 
StDev: 0.00 0.00 0.42 0.56 0.45 0.65 0.52 0.52 0.62
N: 10( 100 100 100 100 100 100 100 100

Avg:r) 2.37 2.22 2.35 1.58 1.20 0.90 1.11 0.55 0.65
SLDev: 0.61 0.47 0.52 0.51 0.48 0.58 0.61 0.51 0.53
N: 100 100 100 100 100 100 100 100 100

Avg:lp) 2.75 2.75 3.01 2.44 1.67 1.08 1.87 0.55 0.72
StDev: 0.00 0.00 0.41 0.55 0.65 0:84 0.55 0.66 0.69
N: 100 100 100 100 t00 100 100 100 100

Number of parts: 2

NoiseX OX 15% 30%
Fpsf Len: 3 9 15 3 9 15 3 9 15i

Avg:l) 3.14 3.14 3.14 2.75 2.53 2.39 2.21 2.19 1.88
StDev: 0.00 0.00 0.00 0.30 0.32 0.46 0.32 0.48 0.46 IN: 10 10 10 10 10 10 10 10 10 i

Avg:u) 3.14 3.14 3.14 2.70 2.53 2.51 2.38 1.96 1.67 I
StDev: 0.00 0.00 0.00 0.25 0.22 0.40 0.42 0.31 0.64 i
N: 10 10 10 10 10 10 10 10 10 I

Avg:p) 3.14 3.14 3.19 2.81 2.65 2.40 2.47 2.03 1.64 I
SLev: 0.UO 0.00 0.17 0.35 0.46 0.58 0.59 0.47 0.57
N: 100 100 100 100 100 100 100 100 100

Avg:r) 2.55 2.63 2.66 2.31 2.15 1.85 1.82 1.43 1.17 I
StDev: 0.40 0.42 0.49 0.43 0.50 0.51 0.52 0.56 0.59
N: 100 too 100 100 o0 100 100 100 100

Avg:lp) 3.14 3.14 3.22 2.80 2.82 2.56 2.39 2.15 1.74
StDev: 0.00 0.00 0.21 0.36 0.55 0.68 0.48 0.45 (.55
N: 100 100 t00 100 100 100 100 100 100

Number of parts: 3

NoiseX O I 15% I 30%
Fpsf Len: 3 9 15 I 3 9 15 I 3 9 15

Avg:]) 3.30 3.30 3.30 2.94 2.75 2.98 2.86 2.66 2.35
SLOev: 0.00 0.00 0.00 0.18 0.20 0.46 0.31 0.37 0.48
N: 10 10 to 0 10 10 10 10 10

Avg:u) 3.30 3.30 3.30 2.91 2.68 2.87 2.74 2.43 1.12
StOev: 0.00 0.00 0.00 0.18 0.30 0.47 0.28 0.17 1.15
N: 10) 10 1t 10 10 10 I 10 10 10

Avg:p) 3.30 3.31 3.42 2.95 2.77 2.71 2.86 2.67 2.27
StOev: 0.00 0.05 0.18 0.21 0.34 0.42 0.34 0.36 0.49
N: 100 too 100 100 100 100 100 100 100

Avg:r) 2.93 2.84 2.98 2.54 2.27 2.28 2.29 2.10 1.77
StDev: 0.40 0.37 0.44 0.43 0.46 0.54 0.47 0.48 0.65
N: (0( 0)0 I 00 too 100 100 I 100 100 100

Avj: Ip) S.3(0 1.3 3.40 .'.95 2.91 2.97 2.94 2.80 2.35
S, LIl : 114 A 1.29 I./3 11.49 0.62 0.42 U.46 0.39
.1 :'I 111 1 1 fl 111 1 10il 0 1 190 1 tll wlol

TABLE 2
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Cache length: 128. Pdrt length: 11.

Number of parts: 1

Noise % 0% 15% 30%
Fpsf Len: 3 9 15 3 9 15 3 9 15

Avg:l) 2.75 2.75 2.75 2.30 1.69 1.55 1.73 1.15 0.84

Stev: 0.00 0.00 0.00 0.48 0.22 0.38 0.29 0.22 0.66

N: 10 10 10 10 10 10 10 10 10

Avg:u) 2.75 2.75 2.75 2.30 1.74 1.64 1.73 1.13 1.12

StDev: 0.00 0.00 0.00 0.48 0.23 0.32 0.29 0.26 0.33
N: 10 10 10 o10 10 10 10 10 10

Avg:p) 2.75 2.75 2.75 2.30 1.75 1.58 1.78 1.03 1.16
StDev: 0.00 0.00 0.00 0.48 0.30 0.37 0.33 0.39 0.37
N: 100 100 100 100 100 100 100 100 100

Avg:r) 2.37 2.22 2.33 1.57 1.25 1.05 1.14 0.76 0.84
StOev: 0.61 0.47 0.49 0.47 0.38 0.44 0.49 0.39 0.38
N: 1o 100 100 100 100 100 100 100 100

Avg:(p) 2.75 2.75 2.75 2.31 1.76 1.55 1.77 1.00 1.12
StDev: 0.00 0.00 0.00 0.48 0.37 0.44 0.33 0.46 0.50
N: 100 100 100 100 100 100 100 100 100

Number of parts: 2

Noise % 0% 15% 30% I
Fpsf Len: 3 9 15 3 9 15 3 9 15

Avg:1) 3.14 3.14 3.14 2.71 2.54 2.18 2.18 1.93 1.74 I
St~ev: 0.00 0.00 0.00 0.29 0.29 0.33 0.28 0.25 0.38 I
N: t0 10 10 10 10 10 10 10 10 I

Avg:u) 3.14 3.14 3.14 2.71 2.52 2.31 2.19 1.95 1.75
StDev: 0.00 0.00 0.00 0.29 0.25 0.38 0.28 0.31 0.29
N: 10 10 10 10 10 10 10 10 10

Avg:p) 3.14 3.14 3.14 2.72 2.53 2.28 2.22 2.00 1.72
StDev: 0.00 0.00 0.00 0.29 0.33 0.39 0.33 0.32 0.36
N: 100 100 100 100 100 100 100 100 100

Avg:r) 2.55 2.63 2.58 2.28 2.01 1.80 1.76 1.45 1.28
SLDev: 0.40 0.42 0.42 0.41 0.38 0.42 0.43 0.48 0.39

N: 100 100 100 100 100 100 100 100 100

Avg:lp) 3.14 3.14 3.14 I 2.71 2.56 2.32 2.23 2.01 1.76
SLDev: 0.00 0.00 0.00 I 0.29 0.36 0.42 0.32 0.35 0.34
N: 100 100 100 I 100 100 100 100 100 100

Number of parts: 3

NoiseX 0% I 15% 30%
Fpsf Len: 3 9 15 i 3 9 15 3 9 15

Avg: I) 3.30 3.30 3.30 2.92 2.60 2.56 2.75 2.50 2.28
StDev: 0.00 0.00 0.00 0.18 0.16 0.31 0.27 0.26 0.40
N: 10 10 10 10 10 10 10 10 10

Avg:u) 3.30 3.30 3.30 2.92 2.63 2.59 I 2.75 2.47 2.28
Stoev: 0.00 0.00 0.00 0.18 0.19 0.33 I 0.27 0.22 0.31
N: 10 10 10 10 1 10 1 10 10 10

Avg:p) 3.30 3.30 3.31 2.92 2.61 2.57 2.78 2.52 2.20
StDev: 0.00 0.011 0.05 0.19 0.22 0.33 0.29 0.26 0.35
N: to0 100 100 I00 100 100 100 100 100 t

Avg:r) 2.93 2.84 2.89 2.53 2.17 2.13 2.23 1.98 1.77

Stev: 0.40 1.37 0.37 0.43 0.39 0.40 0.43 0.40 0.42

N: I00 100 100 100 (0 100 100 IO0 100

Avg: lp) J.30 3.31' 3.3 1 2.92 2 .r60 2.60 2. 77 2.53 Z.24
. 111 ) 1 l1il I l t1 '1. 18 (1.,1I 1.3b 0 28 11.27 1. b

II, 'I. i ll1 1;11 1,* 1t 1111 1 U I 1111) 1110

TABLE 3
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Cache length: Iiflntte. Part Length: It.

Number of pArts: 1

Noise % 0% 15% 30%
Fpsf ten: 3 9 15 3 9 15 j 3 9 15

Avg: I.
u.p. p) 2.75 2.75 2.75 2.30 1.67 1.59 1.73 1.13 1.33
SiDev: 0.00 0.00 0.00 0.48 0.24 0.31 0.29 0.17 0.21
N: 10 10 10 10 10 10 10 10 10

Avg:r) 2.37 2.22 2.33 1 1.57 1.25 1.09 1.14 0.83 0.92
StOev: 0.61 0.47 0.49 J 0.47 0.34 0.33 0.49 0.30 0.25
N: 10 10 10 10 10 10 10 10 10

Number of parts: 2

Noise % 0% I 15% I 30%
Fpsf Len: 3 9 15 I 3 9 15 I 3 9 15

Avg:1.
u.p,lp) 3.14 3.14 3.14 2.71 2.43 2.16 2.18 1.89 1.69
StDev: 0.00 0.00 0.00 0.29 0.25 0.30 0.28 0.26 0.28
N: 10 10 10 10 10 10 10 10 10

Avg:r) 2.55 2.63 2.58 2.28 1.96 1.74 1.75 1.43 1.27 I
StDev: 0.40 0.42 0.42 0.41 0.34 0.37 0.42 0.43 0.31 I
N: 10 10 10 10 10 10 10 10 10 I

Number of parts: 3

Noise % 0% j 15% I 30% I
kpsf Len: 3 9 15 I 3 9 15 I 3 9 15"

Avg:],
u.p.lp) 3.30 3.30 3.30 I 2.92 2.57 2.48 2.75 2.44 2.12 I
StDev: 0.00 0.00 Q.0 0.18 0.18 0. 25 0.27 0.21 0.27
N: 10 10 10 I 10 10 10 10 10 10

Avg:r) 2.93 2.84 2.89 2.53 2.16 2.08 2.22 1.94 1.71 I
StDev: 0.40 0.37 0.37 0.43 0.39 0.37 0.43 0.38 0.38 i
N: 10 10 10 10 10 10 10 10 10 i

TABLE 4
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Cache Length: 32. P(arL. ingth: 11. ClOUlill

Number of parts: I

Noise . 0% 15% 3"

Fpsf Len: 3 9 15 3 9 15 It Lb 1

Avg:l) 4.40 3.67 3.67 .3.14 1.119 0. d8 I . 5 II.h! 1 i.!1.)
SL ev: 0.00 0.00 0.00 093 1.04 0.96 I 189 [1 1 t 0
N: 20 20 20 20 20 2oI 211 .it .11

Avg:u) 4.40 3.67 3.67 2.88 2.09 1. Z 2 .0t J 1.41j I' uJ,.
StDer: 0.00 0.00 0.00 0.65 0.45 0.53 (1. 111 h t) I II I
N: 20 20 20 20U 20 20 211 211 111

Avg:p) 4.51 4.90 6.U3 3.15 1.70 1 .t i I lb ..( I ll
StDev: 0.67 1.29 2.60 0.79 1.14 0.89 I1.22 it 91 lt I

N: 20 20 20 20 20 211 0 21 ;11

Avg:r) 4.23 3.20 3.33 2.21 0.97 0.37 I .U4 it ,i !,8
StDev: 1.90 0.84 1.95 I1.00 0.94 U.48 1 .114 II : t I I
N: 20 20 z0 20 20 zo 2( 21 ell

Avg:Ip) 4.57 4.89 5.79 3.19 11.95 0.t1 I 1 01 It 4J 0 4 1
Stev: 0.39 1.33 2.56 0.91) 1.08 U.8b 1 .20 i 1 " it 83
N: 20 20 20 211 20 111 211 I ll Ill

Number of parts: 2

Noise % U0% 15% JIIA
fpsf Ien: 3 9 15 3 9 15 . 9 l

Avg:1) 6.29 11.0U 14.67 5.75 4.83 3.12 . a 1 .41
StDev: 0.00 0.00 0.00 1.97 1.02 1.64 1.4.5 1 i(. 1 14
N: 20 20 20 20 20 2101 2 1 .U 2 ?o

Avg:u) 6.29 4.40 4.40 3.95 4.18 3.27 j..41 I' 1
StOev: 0.00 0.00 0.110 0.86 1.29 ().911 0..s I Io (t 1
N: 210 20 20 20 2U It) 211 Ill 2tI

Avg:p) 6.03 5.20 8.58 4.38 4.48 3.21 4.ji e.a I it i
5tDev: 0.47 0.88 1.53 1.36 1.41 2.2) I b4 11. b i1.04
N: 20 20 20 20 20 20 2 1 11 2111

Avg:r) 4.40 3.46 4.48 2.52 2.46 2.41) 2 111 1 J/ 1 I
StDev: 1.63 1.20 1.66 0.61 0.88 1. 1 I 1.111 1 I 1 :61)
N: 20 20 20 20 20 z(1 I ll 211 "1

Avg:lp) 6.25 8.49 7.t0S 5.25 4.74 3.94 4.54 ' 13 1 I.5
StDev: 0.17 1.11 2.20 1.86 1.37 1.?9 1.411 U. ts.i 11 de

r N; 20 20 2(31 211 20 211 10 21( 2

Number of parts: 3

Noise % 0% 15% I 311%
Fpsf Len: 3 9 15 3 9 15 j I,)

Avg:)) 6.00 11.00 33.00 5.30 5.94 b.tu4 b. 4.ist I In
SLOev: 0.00 0.00 0.00 1.50 1.98 1.61 1.41 11.9/ I t) I
N: z 20 20 21) 21) 211 I "'l 11) /11

Avg:u) 8.00 5.08 4. 4U 4.44 4.Z4 4.60 4.t ..440 ' 12

NLDev: 0.00 0.00 0. IIU 11.84 1.17 1.72 I1.t; I .li 1, 41
N: 20 20 20 21 20 20 .11 0 2ill 211

Avg:p) 6.10 6.17 7.22 5.23 5.19 6.51 5.23 S.u.I , i I
StOer: 0.31 0.76 2.07 1.78 1.49 Z.17 I '93 1 L36 1 51
N: 20 20 2(1 20 20 2111 20 11 211

Avg:r) 5.28 5.18 5.22 3.94 3.32 3.51 0.i1 o.1 HI
StWev: 1.69 1.85 1.96 1.32 1.28 1,95 1 , 'I 14 t) I
N: 211 20 2(1 20 211 n1I 01 20i ,

Avj: Ip) 5.91 7 15 181.IilZ I t.1 %Il " dl1 t; i

TABLE 5



..- *-.- .. .. - . u -- .- -w. . V , ' -r-- ._ - -a -.r -. . -. .; -. . ,-. :, .. _ . 1 . . . _ :_ : . . - .: .-.. - ,.

Cache Length: 64. Part Length: 11. L(UUI.I(.

Nu-nber of parts: I

NoiseY 0%, 15"/ 3I1J'/I

Fpst Len: 3 9 15 3 9 15 3. 9 15

Avg:l) 4.40 4.40 3.67 3.112 1.87 1.16 1 2.lI 11.74 0.68
StDev: 0.00 0.00 0.00 10.71 0.61 U.82 U. 10 1.d4 0,82
N: 20 20 20 20 20 20 ,1 20 2(i

Avg:u) 4.40 4.40 3.67 2.99 2.07 1.82 2.11 1 .41j 1.34
StDev: 0.00 0.00 0.00.1 0.82 0.53 U.43 0.63 (1.43 1.45
N: 20 20 20 20 20 201 20 2 211

Avg:p) 4.51 4.41 4.54 3.19 2.03 1.43 2.05 1.04 0.77
Stev: 0.67 0.65 0.79 0.72 0.82 0.79 0.75 (1. 70 11.63
N: 20 20 201 20 20 20 2 20

Avg:r) 4.23 3.14 2.73 2.06 1. t 0.80 1.24 I 48 1.81I
Stov: 1.90 0.97 0.75 0.74 0.83 0.54 (1.85 11,.44 0(.77
N: 20 20 20 20 21) 20 2(1 210 21)

Avg:lp) 4.57 4.58 4.20 3.11 1.82 1.23 Z.111 1,.19 if 81
StDoev: 0.39 0.94 1.00 0.80 0.53 0.72 (J./8 i1 d3 il 69
N: 20 20 20 20 20 20 21 20 20

Number of parts: 2

Noise% 0% 15% 3 2
Fpsf Len: 3 9 15 3 9 15 a 0 15

Avg:]) 6.29 6.29 11.00 4.88 4.10 3.71 4.21 2.611 1.86
SLOev: 0.00 0.00 0.00 1.24 1.01 11 79 I (0.94 11.81 11.87
N: 20 20 20 20 20 21)I 20 211 201

Avg:u) 6.29 5.50 4.40 4.10 3.89 4.13 3.b9 1.4-) 2.19
StDoev: 0.00 0.00 0.00 1.31 0.84 (1.46 0.71 11.45 11.59
N: 20 20 20 20 20 20 2111 2t 2(l

Avg:p) 6.03 5.51 5.51 4.32 3.91 J.b2 4.112 Z.68 1.91
StDev: 0.47 0.94 1.05 I .25 1.07 0.71 1.110 0.81 i.71 0
N: 20 20 20 20 20 20 111 2 20u

Avg:r) 4.40 3.47 4.09 2.34 2.44 2.39 2.47 1.51 1.17
StDov: 1.63 1.01 1.03 0.51 0.76 1.08 .86 0.62 11.62
N : 20 20 20 20 20 20 2U u 0 20

Avg: Ip) 6.25 6.32 6.71 5.10 4.31 3.66 4.05 Z.51 1. 18
StDev: 11.17 0.51 1.26 2.07 1.05 11.99 1 .28 U..5 1 1.64
N: 20 20 20 2(1 20 20 2(l 20l 20

Numnber of parts: 3

Nolse % 0% 151, J/4 I

Fpsf Len: 3 9 15 3 9 15 3 9 15 I

Avg: I) 6.00 6.00 11.0(1 5.21 5.09 4.97 5.J5 3.94 3.311

StOev: 0.00 0.00 0.001.0 1.18 1.42 (.25 1.71 (1.18 1J.73

N: 20 20 20 20 20 20 ?11 01 2 1 1

Avg:u) 6.00 4.40 4.40 4.21 4.00 3.78 4.14 4.3) 3.01
StDev: 0.00 0.00 0.00 11.89 (1.89 0.84 0.87 1.48 ti.73

N: 20 20 20 20 2(1 20 20 211 2(1

Avg:p) 6.10 5.74 6.32 .4.65 4.78 4.91 4.J 3.69 J.05
StDer: 0.31 0.56 1.34 0.94 1.32 1.59 1.01 0.16 u. 761:
N: 20 20 20 20 20 20 02 2 211

Avg:r) 5.26 4.75 4.28 3.88 3.06 3.04 J.411 2.19 1.U 0
StDev: 1.69 1.08 1.03 1.29 0.98 1.11 1 t.li) 1.79 0.87
N: 20 20 20 20 20 20 211 0 211

Avg: Ip) 5.937 6.29 8.04 4.9U 5.5b 5.39 4.'M1 J.11 0 .99 I
"i tDev 1 O II I .49 2.118 n1.81 1.82 I 68 I 49 I, 14 tl.o3 i
N; J Ili 211 211 10 Ill ,:l '0JI

TABLE 6



C ache I eng th 128. Part length: 11. CI)IIIl"

Number of parts: I

Noise % 0% 15% S"Ih.
1-psf Len: 3 9 15 3 9 15 U 1J I!,

Avg:)) 4.40 4.40 4.40 3..01 1.94 1, U 2.1 i) I I.ld l I.u4
StDev: 0.00 0.00 0.00 U. 68 ti.51 0.48 IJ. dlo (1.48 11.52
N: 20 20 201 20 20 201 211 21) 211

Avg:u) 4.40 4.40 4.40 2.82 1.99 1.71 1.13 I 33 1.211
StDev: 0.00 0.00 0.00 0.78 0.57 0.44 U.)1 11.41 0.43
N: 20 20 20 20 20 20 211 201 211 I

Avg:p) 4.51 4.95 4.56 3.01 2.03 1.72 I 2. 1 I. in 1.1 I
StDev: 0.67 1.05 0.71 0.64 0.57 (} 0.83 01.5z 2
N: 20 20 20 211 211 20 111 1 (1 2111

Avg:r) 4.23 3.08 2.69 2.00 1.06 1. 91 in 11 b/ tl.U
StDev: 1.90 0.81 0.76 0.69 11.65 0.33 Is tI h.5 1 11 5
N: 20 20 20 20 210 2101 e( I(1 2111

Avg:lp) 4.57 4.68 4.16 3.01 1.94 1.59 2 lib I.1ld I I
StDev: 0.39 0.75 0.80 0.56 0.41 0.61 U.0b bI 58 i ,i5
N: 20 20 20 20 211 2111 11 211 .'lJ P

Number of parts: 2

Noise % 0% 15% I 31J

Fpsf Len: 3 9 15 3 9 15 j Ii i.

Avg:I) 6.29 6.29 6.29 4.52 3.75 .. 31 3.98 2.40 I dli
StDev: 0.00 0.00 0.00 1.37 0.90 1U.72 0.95 11.4 1 i 4 M
N: 20 20 20 20 20 20 211 2L IlI

Avg:u) 6.29 6.29 5.50 3.86 3.51 3.21 3.54 Z.44 e.113
StDev: 0.00 0.00 0.00 1.33 0.87 0.83 I.IJ [1 d11 I 42
N: 20 2U 20 2U 2U 21 211 11 l1I

Avg:p) 6.03 6.19 5.48 4.02 J.83 J, 17 J . 4 11 U ,i
StDev: 0.47 1.30 0.77 0.85 0.95 1).48 11, 68 1).53 it 43
N. 20 20 (1 20 2U 2t1 211 111 2Il

Avg:r) 4.40 3.78 4.0 Od 2.38 2.29 4.31 1 .35 I I: .lu
StDev: 1.63 1.29 1.07 0.52 11.79 11.78 01.12 11.5m I I/
N: 21) 20 20 20 20 20l 10 211 211

Avg:Ip) 6.25 6.25 6.43 4.60 3.95 3,34 . 42 I d/
StDev: 0.17 0.17 0.59 1.34 1.08 (1.8 I 11 11 411 1 i
N: 20 20 20 20 20 20 111 211 2 . 1 ,

Number of parts: 3

Noise % 0% 15% 1";: I
fpsf Lon: 3 9 15 3 9 15 3 0 l, I

Avg:)) 6.00 e.00 6.00 4.81 4.37 4.53 4 / S u4 1.14
StOey: 0.00 0.00 0.00 0.94 1.U3 U.74 1 1 U i.8d it. h
N: 20 21) 20 20 1t1 211 e l1 1 I III

Avg:u) 6.0U 8.25 6.8U 5.01 4.01 3. 19 J.uJ9 3 I .l j
btDev: 0.00 0.00 0.00 1 .11 0.86 U.83 U 1J.0 U 1 . I. b154
N: 20 20 20 20 20 211 211 2(1 211

Avg:p) 6.10 6.14 5.96 4.56 4.29 4.44 4.3/ S ."1 91
StDev: 0.31 0.63 0.73 0.89 1.03 1.29 I1.111 11.5n it 04
N: 20 20 20 20 2U 211 211 11 1.

Avg:r) 5.26 4.77 4.16 3.83 2.92 e.J4 3..b I .I I Ul1
Stlev: 1.69 1.10 0.95 1.37 0.9U i1.92 1.115 11./ iI b5 ,
N: 20 20 20 20 111 111 211 .11 21It

Awqj: Ip 5.511 6 713 b.89 4. /il 4.,1 4 .1ii .1 . .1

S1 1 41 TALE 7 1

TABLE 7 '



Cache Length: litfinlte. Part loIiyth: 11. C0IIUU.II

Number of parts: 1

Noise 0% 15%. 3tJ;.

Fpsf Len: 3 9 15 3 9 15 3 9 15

Avg:1,
u,p.lp) 4.40 4.40 4.40 3.05 1.93 1.68 2. U4 |.e) 1.19
StDev: 0.00 0.00 0.00 (0.58 U.53 11.44 11.83 11.41 (1.41
N: 20 20 20 20 20 20 20 zu 201

Avg:r) 4.17 3.016 2.78 1.99 1.03 11.94 1.18 it.71 iJ.92 i
StDev: 1.93 0.81 0.80 I 0.69 0.61 0.33 i0.64 0.41 (1.48
N: 20 20 20 20 70 20 21 211 20

Number of parts: 2

Noise % 0% 15% i Il/
Fpsf Len: 3 9 15 3 9 15 1 9 15

Avg:],
u.p.lp) 6.29 6.29 6.29 I 4.35 3.79 3.37 i 1 , 4h 1.89
SLDev: 0.00 0.00 0.00 I 1.u5 I.U2 0.65 11.72 II 46 11.42
N: 20 20 20 I 20 20 20 211 21) 20

Avg:r) 4.43 3.49 4.06 2.34 2.29 2.26 2.411 1,52 1.21
StDev: 1.63 0.90 1.05 0.53 0.77 U.77 U. 13 0.52 11.35
N: 20 20 20 20 20 20 20 20 20

Number of parts: 3

Noise % 0% 15% I UI4
Fpsf Len: 3 9 15 3 9 15 3 9 15

Avg:1I
u'p,lp) 6.00 6.00 6.00 4.73 4.28 4 19 4.41 3.65 2.89
SLDev; 0.00 0.00 0.00 1.03 0.97 0.78 0,.93 (1 83 1.58
N: 20 20 20 20 20 201 211 211 2()

Avg:r) 5.18 4.84 4.34 3.18 2.92 2.81 3.34 .. ll 1.92
StDev: 1.80 1.32 1.12 1.15 0.88 0.86 1.08 it.68 0.55
N: 20 20 20 20 20 20 2(1 Ill 201

TABLE 8

"%°. ..



Ka
Cache Length: 32 cn tB tH os:1~Cache I.eng th: 64. Scan: Itob, Ltor

Noise:,i
Fpst length: 3 Fpsf Length: 3

0.0 03.0
0.2 0.2
0.4 0.4
0.6 0.6
0.8 0.8
1.0 1.0
1.2 1.2
1.4 1.4i.6 0006060400 1.5

1.8 S~1.8

2.2 *e.ass .2
2.4 2.4
2.8 *SSSS..... 2.6

* 2.8 0000000*0~ 2.8 *SS~SO....
.3.0 *.***~3.0

3.2 3.2
3.4 3.4
3.6 3.6
3.8 3.8
4.0 4.0

Fpsf length: 9 Fpsf Length; 9

0.0 *eeeee..~.e...e.0.0 *.***
0.2 0.2
0.4 0.4
0.6 0.6

0.8 ~~0.8 SSeg.

1.2 *oeee........s.. 1.2
1.4 

1.4 SOUes1.6 1.6 seSees8*s........

2.0 0000 *******s 2.0 *******s
2.2 000000 2.2
2.4 2.4
2.6 2.8 000000**
2.81 2.8

3.0 3.0
3.2 3.2

3.4 3.4
3.6 3.6
3.8 3.8
4.0 4.0

psf length: 15 Fpsf length: 15

0.0 *SUSSS@SSS@OS*SSO@ggS@g*gg~SOggggSgO 0.0SS SS**g*

0.2 0.2
0.4 000090 0.4
0.6 0.6

*0.8 ****~*0.8

1.0 1.0 *S*.ssese
1.2 1.2 0004000000

1.6 1.8 SSgeS*S0g~
1.8 1.8

2.0 2.0
2.2 2.42 ~ *~*~*.
2.4 2.6
2.6 2.8
2.8 3.8
3.0 3.2
3.2 3.4
3.4 3.4
3.6 3.8
3.8 4 .1
4 114.

Figure 4 (a), (b)



Cache Ilength: 128. Scan: ltaB. ItoH. Noise: 15% Cache I lgth: Inf In Ito. Scan: rtob. Ltoll.

* fpsf length: 3 enh:3Noise: 15%

0.0 0.2
0.2 0.4
0.6 0.6

0.8 1.0
1.0 1.2
1.2 1.4
1.4 1.6 ~*****~..
1.6 *~eee0eess .
1.6 2.0 **sees....

2.0 2.2 SS~es~s...

2.2 *segee~sg~e2.4

2.4 .2.6 e***
2.6 **~~2.8 .***
2.8 3.0 ~****~*..
3.0 3.2
3.2 3.4
3.4 3.6
3.6 3.8
3.8 4.0
4.0

Fpuf lngth:Fpst Length: 9

0.0
0.0 0.2
0.2 0.4
0.4 0.6
0.6 0.8
0.8 1.0
1.0 1.2
1.2 1.4 OS@SSeS.s.ss..
1.4 *1* .e

1.8 qeeeaeeae 2.0
2.0 2.2 ~***
2.2 2.4
2.4 2.6
2.G 2.8
2.8 3.0
3.0 3.2
3.2 3.4
3.4 3.6
3.6 3.8
3.8 4.0
4.0

Fpsf Length: 15
Fpsr length: 15

0.0
0.0 0.2
0.2 0.4
0.4 0.6
0.6 0.8
0.8 ******1.0

1.0 1.2 *******s***..
1.2 6S1.4 S***

1.4 .**e

1.8 *.s..ss~gs~~s.ss2.0 *.........
2.0 SS S S S2.2
2.2 2.4
2.4 2.6
2.8 2.8
2.8 3.0
3.0 3.2
3.2 3.4
3.4 3.6
3.6 3.8
3.8 4.')

4. Ui



Cache length: 32. Scan: Random. Noise: 15% Cache leigth: 64. Scd.: Handom. Noise: 5%

Fps( length: 3 Ipsf length: 3

0.0 0.0
0.2 0.2
0.4 0.4

*.. 0.6 0.8
0.8
1.0 1.0
1.2 1.21.4 o 2.4
1.6 ***eo. 1.6

1.8 so* 1.8
2.0 og gs 2.0 eooeeooee
2.2 **'ese, 2.2 ......... ee,.
2.4 .. 2.4
2.6 O2*oeeesooo.oee 2.6 **ooeeoes5S..e
2.8 eggeeeee 2.8O3.0 3...... ,...0 ,,,,,,,,.,........
3.2 3.2
3.4 e3.4
3.6 *'* 3.6 **
3.6 3.8
4.0 4.0

Fpsf length: 9 Fpsf length: 9

0.0 eegeeoeseg 0.0
0.2 0 0.0

0.4 0.4

0.6 , 0.6
0.a go******* 0.8
1.0 Se** 1.0 *sss
1.2 **sees .2 S
1.4 55e0 e5 o 1.4 0 Seoe e ee e e

1.5 *e sae.... 1.6 eesgseessee1.8 eeeoe . eeeeeeoesee

2.0 ****a* 2.0 eeeesssesees
2.2 600000000000 2.2 **essee
2.4 0e0 2.4 eggs..
2.6 teeo 2.6 e
2.8 so 2.8 0
3.0 0 3.0
3.2 3.2
3.4 s 3.4
3.6 ses 3.6
3.6 3.8
4.0 4.0

Fpsf length: 15 Fpsf length: 15

0.0 seSssooos eseoogegoggogegggogggoeogooggo 0.0 e**es0.2 oeo0.2 e
0.4 0.4k
0.6 0.8 sees
0.8 5 0.8 .o
1.0 so 1.0 sees..
1.2 eee0 1.2 ess oeese
1.4 *0000:::s 1.4 eoeeeeeoe8
1.0 *seegg 2.6
1.8 gee*e 1.8 8eeeoeggegg
2.0 s 2.0 e2.2 00*00 2.2 00~o~
2.4 e0*0 2.4 00000
2.6 2.6 "
2.8' 2.8
3.0 Of 3.0
3.2 3.2
3.4 3.4
3.6 3.6
3.8 • 3.8
4.U 4.0

Figure 4 (e), (f)
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Cache~ ~ ~ legh 128 Scn Radm Nose 15

Cace engh:128 San:Hadom N~se ~ Cache ILength: Inf iIte. Scan: Random. Noise: 15%

Fpsf length: 3 Fpsf length: I3

0.2 0.0

0.4 0.2
0.6 0.4
0.8 0.6
1.0 0.6
1.2 1.0
1.4 1.2

1.8 1.6

2.0 ~~SS*8*O@1.8
2.2 ****e.e.a..2.0 *sess.ae.e

2.4 2.2 *********~

2.6 ****..2.4
2.8 Bes~s .
3.0 ***e.......2.8 **~**
3.2 3.0
3.4 3.2
3.6 3.4
3.6 3.6
4.0 3.8

4.0

Fpsf length: 9 Fs egh

0.0
0.2 0.0
0.4 0.2
0.6 0.4
0.8 0.6
1.0 *0.8

1.2 ~~*1.0
1.4 1.2
1.6 *sOSees***....... 1.4
1.8 1.6
2.0 e0*0040s 1.8 SSS6 ~ s~eee~~wses~sse
2.2 0es0e0eegees 2.0
2.4 a 2.2
2.6 2.4
2.8 a2.6

3.0 2.8
3.2 3.0
3.4 3.2
3.6 3.4
3.8 3.6
4.0 3.8

4.0

Fpsf length: 15 prent:1

0.0 a .
0.20.
0.4 0.4
0.6 * 0.6
0.6 0.8
1.0 *.i

121.2 * ~
t.4 SSSS.1.4 

*S*SS1.6 @**sees@****

2.0 0*OO0sooss....e..e. *asSB3Se*s**g****
1.8

2.02 *...e..
2.24 2.2
2.4 2.4
2.6 2.6

2.8 2.83.030
3.2 3.2
3.4 3.4
3.6 3.4
3.8 3.8
4 Ii .8I

. . . . 4 .1



Cache length: 128. Scan: litoU. LtoR. Noise: 30% Cache Length: liihintte. Scdn: ItOB. ItoR. Noise: 311%

fpsf length: 3 tpsf length: 3

0.0 0.0
0.Z 0.2

0.4 0.4
0.6 0.6
0.8 0.8
1.0 1.0
1.2 12
1.4 oo1.4 *oooe*eoo o*oeee**o
1.6 ooeeseeose*.ooes .oSoooSo 1.6 OeOOOssessooeoooooooooeooeoeo*

2.0 o e 2.0 o*e.soo..

2.2 2.2
2.4 SoSo 2.4 *s***o*eee
2.6 2.6
2.8 2.8
3.0 3.0
3.2 3.2
3.4 3.4
3.6 3.6
3.8 3.8
4.0 4.0

Fpsf length: 9. Fpsf Length: 9

0.0 0.0
0.2 0.2
0.4 0.4
0.6 0.6
0.8 o***o**l**e**e.o*e*. 0.8 eooeoee
1.0 oOOOSOo 1.0 *OOOeOOOeOOseO.ooo

1.2 SS* 561.2 SSSSSSSSSSSSSSSSSSSSSSS

1.4 ****OO***OOO***O.a~eaOe...S.** 1.4 O****OO****O*O***OOO
1.6 1.6
1.8 1.8
2.0 2.0
2.2 2.2
2.4 2.4
2.6 2.6
2.8 2.8
3.0 3.0
3.2 3.2
3.4 3.4
3.6 3.6
3.8 3.8
4.0 4.0

Fpsf length: 15 Fpsf Length: 15

0.0 OSSSSOO*OO*O*O
6
B*SOOOOOO**O OO 0.0

0.2 ooe..... 0.2
0.4 0.4
0.6 0.6
0.8 0.8

1.0 1.0
1.2 eeoooo seooooo. 1.2o8
1.4 eoeooe*ooSSoSo 1.4 oooo. ***

1.8 1.8
2.0 2.0
2.2 2.2
2.4 2.4
2.6 2.6
2.8 2.8
3.0 3.0
3.2 3.2
3.4 3.4
3.6 3.6
3.8 3.8
4.L 4 0



414

Cache Length: 32. Scan: Random. Noise: 30% Cache Length: 64. Scan: Rlandom. NoIs&: 3u%

Fpsf length: 3 Fpsf length: 3

0.0 555 0.0
0.2 *0.2
0.4 *0.4
0.6 see 0.6
0.8 50.8

1.0 se**1.0 se
1.2 0900 1.2 .55
1.4 55551.4 0088*880009

1.6 *Seeessss1.8

2.0 *~***2.0 * * *
2.2 ses2.2 ~*
2.4 eeeee*2.4 0*ssss
2.6 ~.~*~2.68
2.8 2.8
3.0 se..3.0 ""O
3.2 3.2
3.4 *~3.4
3.6 3.6
3.8 3.8
4.0 so 4.0

Fpsf length: 9 Fpsf length: 9

0.0 *eee.e~eeeeeeeeeeeeeeeeeeee~eee 0.0 OeeOesSe
0.2 550.2

0.4 eae.0.4
0.6 ses..0.6
0.8 see 0.8 4400sse
1.0 see1.
1.2 000 1.2
1.4 :::. 1.4

1. see 1.8 6

2.0 *.2.0
2.2 2.2
2.4 2.4
2.6 2.6
2.8 2.8
3.0 3.0
3.2 3.2
3.4 3.4
3.6 3.6
3.8 3.8

4.0 4.0

Fpsf length: 15 Fpsf length: 15

a-0.0 5555g5s555~egs55555egsg~e0.0

0.2 0.2
0.4 *~0.4 ~
0.6 Soso 0.6
01.8 so.... 0.8

1.2 **ee .2 ses*
* ~~1.4 *~~ .

1.6 goees*** 1.86ess
.6se*1.8 some**

2.0 2.0
2.2 52.2 0
2.4 2.4
2.6 2.6
2.8 2.8

3.0 3.0
3.2 3.2
3.4 3.4
3.6 3.6

~ 4 . 0)



Cache Ileng th: 128. Scan: Random. Noise: 30% Cache Ienigth: if in its. Scan: Rdndom. Noise: 30%

~psf ength 3 Isf length: 3

00.0
0.0 0.2
0.2 0.4
0.4 0.6
0.6 0.1

1.0 .
1.21.2 1.4

1..8

2.0 *ee*see** 2.0
2.2 *2.2

2.44
2.6 2.6
2.8 2.8

3.0 3.0

3.2 3.2
3.4 3.4
3.0 3.6
3.8 3.8
4.0 4.0

Fpsf length: 9 Fpst Length: 9

0.0 0.6 0.0
0.2 0.

0.4 0000.4
0.4 00060460 0.2
0.6 *@oC.es** 0.6

1.0 eeeeseaeese 1.0 *SCS**SSS*

1.2 aseeemea........1.2 *eeeeeeeases.eeeeee~essws
1.4 SCCOCCea14*aeea.*.**
1.6 goes**** 1.6

2.0 2.0
2.2 2.2
2.4 2.4
2.6 2.6
2.8 2.8
3.0 3.0
3.2 3.2
3.4 3.4
3.6 3.6
3.8 3.8
4.0 4.0

Fpsf length; 15 Fpsf Length: 15

0.0 see* 0.0

0.4 0.2
0.2 0 .
0.8 .

1.0 **ese. 1.0

1.4 1.4

1.8 see 1.8
2.0 2.2

2.4 2.4
2.8 2.6
2.8 2.8

3.0 3.0

3.2 3.2

3.6 1.51

3.83.
4ji



CHOUGH
Cache Length: 64. Cache Length: 64 Cache length: 54. Cache length: 64
Scan: Tto. ItoH. Scan: 0antdoM Scan: 11o.08 LtOH. Scan: Random.
Noise: 15% Noise: 15% Noise: 30%4 Nore: 30%

psr length: 3 Fps length: 3 fpst length: 3 ipsf length: 3

0.0 0.0 o.O 0.0
0.2 0.2 0.2 0.2
0.4 0.4 0.4 0.40.6 0.6 0.6 0.6 ,
0.8 0.8 0.8 0 0.8

1.0 1.0 1.0 1.a
1.2 1.2 1.2 Go 1.2
1.4 1.4 1.4 1.4 C

1.8 1.6 1.6 1.6 ,
1.8 * 1.8 1.8 *• 1.8
2.0 * 2.0 2.0 2.11
2.2 2.2 So 2.2 *** 2.2 **.S
2.4 * 2.4 * 2.4 2 2.4 S•

2.6 engh2.6 9 2.6 l h2.6 n2. • .8 2.8 .82 .8 •
3.0 3.0 3.0 3.u
3.2 3.2 3.Z 3.2
3.4 3.4 3.4 6 3.4 o•
3.6 3.6 3.6 4 3.6
3.8 3.5 3.8 3.8
4.0 4.0 4.0 4.0

Fpst length: 9 Fpsf length: 9 Fpsf length: 9 fPsf length; 9

0.0 0.0 O.0 Ueo .O L

1.2 0.2 0.2 0 1.2 "
1.4 0.4 0.4 0 1.40.6 .0.. 0.6 •

0.6 S 0.6 0.8 0.8
2.U 2.0 1.0 1.0
1.2 1 .2 *o 2.2 2.2 *

1.4 1 2.4 2.4 2o 1.4
1.6 1.6 oes 1.6 1.6 see
.8 2sees 2. so 1.8 1.8

2.0 3 2.0 2.0 2.0
3.2 2.2 2 3.2 2.2
3.4 2 3.4 2.4 2.4
2.6 2.6 26 2.6
2.80 3. 3.8 2.8
3.0 3.0 3.0 3.0
3.2 3.2 32 3.2
3.4 3.4 3.4 3.4
3.6 3.6 3.0 3.6
3.8 3.8 3.8 3.8
4.0 4.0 4.0 4.0

Fpsf length: 15 I'PSf length: 15 fpsr length: 15 Ppsf length: is

O.U ***so 0.O as 0.0 U•~o•,L.U •*sses

0.2 0.2 0,2 • 0.2
0.4 0.4 U).4 G 1.4 •
1.6 a 0. 0 1. *5 0.6
U.8 a .8 0.8 *1.8 o
.0 2 1.02 0 . * 2.10

2.2 aC 2.2 so 2.2 2.2

1.4 1.4 ego 1.4 2.4 ome
2.6 1.6 .5 .6 3.6 o
2.6 2.8 1.8 1.8

2.01 3 )a .0 3.0.3

3.2 3 2.2 2.2 3.22.4 2.4 00 2.4 2 2.4
2.0 2 .6 o02.td 2.6
2.6 2 .8 2.8 2 .8

3.0 3.0 3.0 3 .03.2 3. 3 3.2 3.11
3.4 3.4 .3.4 .3.4

. 3.8 3.d 3 U

F 45 )

Figure 5 (a-d)



Cac he Ilength: 1Inito. Cache Length: hifinite.
Scan: rtoll, LLON. Scan: TtoS, Ltoh.
Nlois: 15% Noise: 30%

Fpst Leng9th: 3 Fpsf length 3

0.0 0.0
0.2 0.2
0.4 0.4

2.0 2.0
2.2 1 .2
2.4 1.4

2.6 ~~ 2.6 **
2.8 ~1.8

3.0 2 .0
3. 2 2 .2
3.4 2 .4
3.6 2 .6
3.8 3.8

3.0 0.0
0.2 0.2
3.4 0.4
0.6 0.6
0.8 0.8a*
4.0 1.0 6

1.2 0 .2
1.4 1.4
0.6 0 .6

2.0 1 .0 me*
1.2 sm 2.2
2.4 2.4 4
2.6 2.6
2.8 2s* .8
2 .0 3 .0
3.2 000 3.2
3.4 3.4
3.6 2.6

3.u 3.8

-14.0 
4.0

ips? length: 15 lFpsf length: 15

0.0 0.0
0.2 0.2
0.4 0.4
0.6 0.6

3 . 0.
1 3.0

1.2 3.2 **e

2.4 2.4

F2gur 2Ae, f



Cache Ilength: 32. Scan; I LOU. Ltoh. Cache Lenigth: 64. Scan: l1.08. 1 taR.
Noise: 15%. Instances; 1. Noise: 15%. Instance%: 1.
Parts: 1. Fpsr length: 9. Parts: 1. Fpsf length: 9.
Part length: 11. N: IUU Part Length: 11. N: 1110

,7.tush: lhreshold Hlush: Ihreshold

Mean of Ratios: 1 .212250 Mean of Hatilos: 1.605774
Std. 0ev. of Ratios: 0.972063 Std. Dev. of Ratio%: 0.501593

0.0 10.0
0.2 0.2
0.4 0.4
0.8 * 0.8
0.8 se 0.8
1.0 so***** 1.0

*1.2 1.2
1.4 1.4
1.6 *s~ee** 1.6***~***
1.8 *so**** . **.**.*~****

2.0 8000 2.0******
2.2 0068 2.2
2.4 00 2.4 640:
2.6 2.6 *s
2.8 2.8
3.0 * 3.0
3.2 3.2
3.4 3.4 0
3.0' 3.6
3.8 3.8
4.0 4.0

Hlush: Random Below fhreshold Flush: Random Below treshold

Mean of Ratios: 1.578250 Mean of Ratios: 1.791405
Std. 0ev. of Ratios: 0.895189 Std. 0ev. of Ratios-. 0.461134

0.0 OO S~0.0a

0.2 0.2
0.4 0.4
0.6 go 0.6
0.8 0 0.8 *
1.0 *se 1.0 *so
1.2 0004 1.2
1.4 00040 1.4
1.6 8060004O*.. 1.6
1.8 **eO~O18*~s~.**~~*s.

2.2 000800 2.2
2.4 0 2.4
2.6 00000809 2.6 **
2.86O 2.8
3.0 *3.0
3.2 so 3.2
3.4 0O3.4

3.6 3.6
3.81 3.8
4.0 4.0

Figure6 (a), (b)
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